This paper presents a method for validating and transforming data for use in interdependent infrastructure network analysis. Critical infrastructure are interdependent on each other for delivery of services and execution of restoration activities. These interdependencies make infrastructure systems vulnerable to extreme events and highlights the needs for preparedness and response plans.
Introduction
The frequency and severity of extreme events, either natural or manmade, have USD of damage (EM-DAT, 2017). Thus, we need to focus on and be prepared for the increase in frequency and severity of disastrous extreme events.
Critical infrastructure systems are vulnerable to damages and loss of services as a consequence of extreme events. Infrastructure managers need effective disaster preparedness and response plans to increase the resilience of the systems. Resilience can be increased by (i) reducing the impact incurred as a result of a disaster and (ii) more rapidly restoring disrupted services. In addition, infrastructure systems are highly interdependent, thereby making it difficult to determine the best system-wide interdependent disaster preparedness and restoration plans. Interdependent infrastructures also need to coordinate their efforts to enable the rapid restoration of infrastructure services. Network optimization models are a promising approach for creating effective interdependent network preparedness and restoration plans. However, the effectiveness of these types of models rely on accurate data.
These models need data that represent infrastructures as interdependent networks with nodes, arcs, supply, demands, and other critical pieces of information. However, this is often not appropriate for immediate input into interdependent network models.
Oftentimes, the data was collected for an alternative purpose (e.g., visualization), or the data has human or systematic errors. These types of errors hinder the ability of the optimization models to output effective and accurate restoration and preparedness DOI 10 .18502/keg.v3i1.1450
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ESTEC Conference Proceedings plans. Thus, inaccurate or incomplete data will limit the scope and power of interdependent optimization models.
In this paper, a methodology to create a validated and verified infrastructure network from inacurate input data is proposed. Specifically, we use the transportation network in Juan Diaz, Panama as a case study and apply the data processing method to remove issues, such as connectivity. As a result of our process, we produce a validated transportation network which is appropriate for future use in interdependent network models. This paper proceeds as follows. In Section 2, we review the related background literature. In Section 3, we outline the proposed data processing method. Lastly, in Section 4, we summarize our conclusions and avenues for future work. ). An underlying assumption of all of these models is that the input network data representing critical infrastructures is accurate and capable for performing network analysis. Oftentimes, the input data is insufficient to satisfy this assumption. Thus, we describe the methods utilized to analyze and correct input data so that it satisfies the criteria necessary for use in optimization models. We demonstrate these methods on a transportation network in Panama. While the methods worked for our input data set, additional analysis might be necessary for other types of input data. We present this method to summarize how existing network algorithms can be leveraged to correct errors in existing infrastructure network data.
Literature review

Data Processing Method
The transportation network from the town Juan Diaz in Panama will be analyzed through the development of this section. In this section, we describe the method used to remove inconsistencies and prepare the input data for suitable use in interdependent network analysis. Figure 1 shows the raw data obtained from the area of study: Juan Diaz, Panama (Contraloría General de la Republica de Panamá, 2010). The transportation system has a set of nodes and a set of arcs, where each node has a corresponding pair of coordinate points. Spatial data is used for the representation of this network. Working with spatial data brings some benefits, such as real location on earth, and performance of spatially analysis (ESRI, 2017).
In order to work with this spatial data for interdependent network models, we execute the following preliminary steps:
1. Assign a unique ID to each node. Working with spatial data, nodes have coordinates points, but using a unique ID for each node will help manage the data.
2. Remove any self-loops. A self-loop is an arc ( , ) for any node .
3. Remove the origin point. In some datasets, the origin point (all 0's coordinate point) is used as reference point on the data and must be deleted. (ESRI, 2017).
4. Assign and verify the node type. The node type can be achieved by calculating the in-degree and out-degree of each node. Supply nodes must have a non-zero out-degree, demand nodes must have a non-zero in-degree, and transshipment nodes much have a non-zero out-degree and in-degree. In the next subsection, we describe the detailed data processing conducted by using and adapting network algorithms for this spatial dataset.
Check for connectivity
In order to implement an interdependent network model, the input data must represent a connected network. Often the spatial data can represent unconnected networks.
In this section, we identify a set of problems found and then discuss the algorithms adapted to fix these problems.
Problem 1:
Isolated sub-networks due to lack of existing edges. In some cases, a sub-region of a specific geographic area is required (e.g., towns, counties, or states).
Performing a cut of the selected area may cause undesired disconnections in the network. These can be seen in Figure 2 , where the red circle on Figure 2 (a) highlights a bad cut in the area of study. The purple lines are arcs on the transportation network.
As can be seen, a large arc is missing inside of the red circle. This situation generates several disconnections. The pink color in Figure 2 
Problem 2:
Arcs not connected due to missing nodes. Spatial data collections are often created by using geographic information systems (GIS), such as Arcgis and AutoCad map 3D. For these cases, the data could be generated by drawing nodes and arcs on the maps within the GIS. The drawing process is often manual and therefore, is prone to human error. One such error is not precisely connecting arcs and nodes. Figure   3 (a) shows a section of the network that appears connected. However, upon closer inspection of the same section, we identify a disconnection (Figure 3b ).
Problem 3:
Erroneous nodes and arcs on the network. We detected erroneous nodes and arcs that did not belong to any road or intersection. In Figure 3 (c), a small node was found underneath an arc. This node was completely disconected from the network which is only visually apparent after the arc on top is removed. We found these nodes 
Proposed Error detection methods
As many of these errors are not detectable in the visualization, we proceed by presenting algorithms to detect and fix the errors. These algorithms are important for ensuring the accuracy of input data for modeling. 1 and 4) . To assess the connectivity of the transportation network and to address problems 1 and 4, we implement a modified breath first search (BFS) algorithm. The BFS was modified to iteratively identify the number of connected subnetworks. The pseudocode of this algorithm is shown in Figure 5 . We used this algorithm on the Juan Diaz transportation network and identified 43 subnetworks.
Algorithm 1 (Solving Problems
We reviewed each subnetwork and fixed the disconnections.
Algorithm 2 (Solving Problems 2 and 3).
Even after a network is connected, the network may exhibit problems 2 and 3. To detect these problems, we calculate the distance between each node and arc (Anton, 2010) . Using this distance, we identify the set of nodes within a distance from each arc. All nodes within each set are possible intersections with the corresponding arc. Based on trial and error and known disconnections, we used =4. The output of this algorithm is a list of candidate nodearc connections sorted based on distance from smallest to largest. We obtained 250
candidates that required further evaluation. Using visual inspection, around 80% were identified as problem 2 and 3 and were fixed. The randomness and difficulty in visually detecting these errors demonstrate the importance of running this analysis.
Conclusion and future works
In this paper, we presented a methodology used to process data representing an infrastructure network. Using the transportation network from Juan Diaz, Panama, we identified lack of connectivity and other errors. We modified the directed breadthfirst-search algorithm to identify and fix the main connectivity errors. Overall, the transportation network started as 43 different subnetworks and was fixed to represent one connected subnetwork. Next, we used a distance calculation to identify extraneous nodes and arcs in the network. We detected and fixed around 250 such errors. We verified these errors using visual inspection. Thus, we demonstrate that we can make small modifications to existing network algorithms to detect and fix errors 
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